With the rapid development of China's economy and the increase in tourism consumption, the number of people in traveling in domestic tourism has increased rapidly each year, and more travelers choose privately customized travel routes, so reasonable travel route is generated based on the actual users' needs has become a hot research spot in the current industry and academia. However, as far as practical application is concerned, the planning of travel routes is a comprehensive and complex task. Reasonable travel routes include comprehensive features such as reasonable travel cities, travel time, transportation methods, and itinerary arrangements. At present, the traditional method is basically that the customer manager can manually plan the suitable travel route for the user through collecting the user's needs, and then modify and adjust by communicating with the customer. The problem that this brings is that the customer manager needs to compare information such as users' needs, travel price, travel time, travel transportation, and scenic spot arrangements when planning numerous travel routes. Obviously, the traditional methods have significant disadvantages such as low efficiency and long time-consuming. Bring a great burden to the staff and it is incompatible with the development of the current industry. In order to solve the above problems, we put the historical travel routes collected as data sets in the paper, and a travel route recommendation and generation algorithm based on LDA and collaborative filtering is designed. Reasonable city recommendation list and playing time are the basis and focus of route planning. The paper is based on the many shortcomings in the traditional travel route planning method, and takes the city's recommendation and time planning as the main focuses on work. In this work, different recommendation algorithms were designed, including a recommendation algorithm based on Latent Dirichlet Allocation (LDA) and collaborative filtering. By analyzing the performance of the recommendation algorithm on the data sets, the recommendation algorithm is improved and optimized. The LDA algorithm based on KDE (Kernel Density Estimation) and classification, the collaborative filtering algorithm based on KDE and classification. The final experimental results show that the optimal city list and travel time generated by the recommended algorithm are more reasonable and satisfy the actual use of the user.
I. INTRODUCTION
Tourism industry has become an important part of national economy within the rapid development of China's national economy in these years, and the number of travelers has also been gradually increasing. According to the data shown by National Bureau of Statistics, the consumption brought by tourism has also increased year by year. The tourism industry has shown an accelerated convergence of online and offline. Traditional travel agencies have been unable to meet consumers' need and development of modern tourism. Based on the above situation, the online development mode of tourism has become a research hotspot in academia and industry. At present, the development carrier of online tourism is mainly online travel websites (such as: tuniu.com, tongcheng.com, etc.). The traditional travel website was designed by B/S mode [1] , which can provide consumers with a large amount of tourist information, however, the travel route displayed on the website is manually planned by sales account manager after collecting users' requirements. Therefore, this has created two problems. On the one hand, the traditional method of artificially planning travel routes has low productivity and cannot meet the development of tourism. So how to automatically generate a reasonable travel route with intelligent algorithms according to users' needs has become an urgent problem to be solved. On the other hand, traditional travel routes can no longer meet the individual needs of each user, so how to reduce the blindness and randomness of route arrangement, then provide customers with personalized travel routes, thus providing more travel options for users to choose has gradually become a research hotspot of relevant enterprises and disciplines.
In recent years, algorithms for travel route generation, LDA, and collaborative filtering have been reported many times. Ma Zhangbao et al. [2] , who began with the space decision-making of tourism travel, studied methods and techniques of the tourism travel decision support system, and then proposed the operational model of travel combining space and time and the LBS model of tourism travel route. However, the model proposed in their paper focuses on querying attractions and hotels based on space, time and location service, and then provide users with query service of the optimal destination as well as the scheme to arrive at destination. But this way can not generate a complete travel route according to the user's demand; it was not suitable for applying in the actual context. Jin Baohui et al. [3] Finally, the route recommendation is completed according to the candidate topic and probability topic relevance of tourists [4] . Although this method has good recommendation accuracy, it focuses on recommending possible routes for users under the premise of there are some user interest sets and numerous travel routes, at the same time, it does not focus on the study of travel route generation. Wang Hui et al.
has proposed the solution of ant colony algorithm in the application of travel route planning, they discussed the application in vehicle routing problem based on ant colony algorithm and completed the travel of 201 5A scenic spots in the country that using the shortest time. However, this paper does not study the planning and generation of travel routes that meet needs according to user's preference conditions [5] . Amazon's G Linden [9] and others proposed an item-based collaborative filtering algorithm, which is well suited for comparing similar items rather than comparing similar users.
The number of items is much larger than the actual number of users, resulting in high quality recommendations.
Regarding the LDA algorithm, DM Blei et al. [10] proposed a three-level hierarchical Bayesian model in 2003, and proposed an efficient approximate reasoning technique based on variational method and an EM algorithm for empirical Bayesian parameter estimation. The LDA algorithm was successfully applied to the fields of text modeling, text categorization, topic extraction, etc., and mixed with unigrams and probabilistic LSI models. R Krestel et al. [11] successfully applied the LDA algorithm to the field of tag recommendation. They used the LDA algorithm to mine the user tags under the same theme, and then recommended the new tags to the user as a search condition, which improved the search efficiency.
From the current research status at home and abroad, there is no relevant scholars and enterprises can provide a feasible and accurate method to meet actual requirements.
The current research results focus on the recommended method of designing travel routes under the premise of mastering user information and historical route data, which is, recommending the travel route in historical routes through user's historical information, so for the new user's demand, it can't generate a new route that meets the user's needs. At the same time, through the learning and researching for collaborative filtering and LDA algorithm, it is found that these algorithms are feasible and applied in this paper.
According to that, we will show the method of recommendation and generation of tourist routes based on LDA and collaborative filtering below. algorithm to estimate total time for users to play and the playing time of city that users want to go to, improving the recommendation quality. Assuming that t1 , t2 , … tn are n samples of total playing time t, and the probability density function of total playing time is () ft , the kernel density estimation of () ft is:
Where h is the bandwidth, n is the number of samples, and K () is the kernel function.
The algorithm steps for playing time estimation based on KDE are:
1) According to the number of days of playing, the historical routes will be categorized into five categories: 1-3 days, 4-5 days, 6-7 days, 8-10 days and 10 days or more;
2) Determining the corresponding route data category according to the number of days of playing input by users; Gibbs sampling method is used in this paper estimates the probability distribution of a characteristic city through the Gibbs sampling method in the case of a known travel route data text set. According to LDA model, we can get the probability of a text:
Using the Gibbs sampling method, the topic of each word is sampled, and the parameter estimation problem can be converted into calculating the conditional probability of topic sequence under word sequence. , , 1) Establish a route-city scoring dictionary. According to the actual situation, the score here is playing time (hours) of each city. Based on the pre-processed travel route text set, a route-city scoring dictionary was established. The key value of dictionary is the route number, value is also a dictionary, the key is the city name, and value is playing time of city.
The format is as follows: 2) Calculating the similarity between cities and getting a list of similar cities (neighbors) in each city. In calculating similarity, we use the Euclidean distance to measure the similarity between cities;
3) Generateing a list of recommended cities. A weighted sum of all the cities in the set of city neighborhoods is obtained, and the time for the target route to all cities is finally obtained. After playing time set is sorted, the top-N list is taken as city recommendation list.
E. Travel route generation module
The travel route generation module is an integrated module and an output module of the entire algorithm. the relevant city error rate is the probability that a tourist city is classified as a wrong topic (route). Here we use P (e) to represent, which can be calculated by the following formula:
In the above formula, Ci represents the number of tourist cities that are classified as the wrong topic in the probability distribution of the i-th topic, that is, in the historical routes, the city is not in the same route as any other city in the topic city. Ai represents the total number of cities in the probability distribution of the i-th topic. Therefore, the lower the relevant city error rate, the higher the quality of the model output, the more easily accepted. In the practical application, the related city error rate is generally not more than 0.2.
According to the relevant city error rate above, we can get the route correlation rate calculation method. Here, we use R (t) to represent:
In the above formula, i t represents the number of recommended cities that are classified as wrong routes in the i-th generation route, that is, in the historical routes, the city is not in the same route as any other city in the generation route. i T represents the total number of cities in the i-th generation route. Because in the recommendation process, if there are cities that have no relevance with other cities in the recommended route, it is often unacceptable. Therefore, the higher the route correlation rate, the better the performance of the route recommendation and generation algorithm, the more consistent with the user's expectations. In practical applications, the route correlation rate is generally not less than 80%.
A. The evaluation of topic city generation model based LDA The value of topic K of LDA model, the number of iterations, and the hyperparameters α and β all affect the probability distribution of the final topic city. Therefore, in order to obtain the optimal topic city probability distribution, we examine the effect of probability distribution of the topic city under different parameters. In order to ensure the uniformity of the experimental premises, the sample set of all the experimental results below is a set of 8-10 tourist route texts.
1) Experimental results under different hyperparameter α
We set the initial value of topic K = 50, the number of iterations: niter = 500, the hyperparameter β = 0.1, then the hyperparameter α takes 5, 10, 15, until 50. Table 3 and 
2) Experimental results under different hyperparameter β
We set the initial number of topic K = 50, the number of iterations: niter = 500, the hyperparameter α = 25, then the hyperparameter β takes 0.01, 0.05, 0.1, until 0.50. Table 4 and Figure 5 below show the experimental results for different values of hyperparameter β. From the experimental results, it can be seen that the value of the optimal hyperparameter β is 0.15. 
4) Experimental results under different number of iterations n
We set the initial number of topic K = 12, the hyperparameter α = 25, 0.15, then the number of iterations take 300,400,500, until 1200. Table 6 and figure 7 below show the experimental results for different number of iterations n. From the experimental results, it can be seen that the optimal number of iterations is 900. The situation that playing time is too short has reduced, reaching our expected goal.
D. Comparison of algorithm output results

E. Summary of experimental results
In order to certain error rate will also occur. Therefore, we can study a method that can combine the LDA topic model and collaborative filtering algorithm to make the performance of the recommendation algorithm better.
2) So far, the hyperparameters of LDA model, such as the number of topic k, α and β, are mainly adjusted manually by empirical rules, resulting in a huge amount of experimental work. Later, we can consider some methods of adding reinforcement learning and self-game, and propose a method that can learn the optimal parameters. This is also a research hotspot in the field of machine learning in recent years. 
